ABSTRACT
INTRODUCTION
The Knowledge Discovery in Databases has been widely studied in the literature. In fact, the discovered knowledge can be either a model or a pattern. A model is a representation of all input data, e.g.: the decision tree and neural networks while the pattern is a representation of a subset of data such as association rules which express dependencies or correlations between the attributes (called items). An association rule R: A=>B is represented by an antecedent A and a consequent B. A and B are a set of attributes where A∩B=∅ There are two major problems related to the association rules extraction: the extracted rules redundancy, the number and quality of extracted association rules. The last problem is still crucial. In fact, some studies tried to solve it by proposing measures for association rules quality and some tools of visualization. Two types of measures were proposed: objective measures and subjective measures.
According to the authors in [22] , the objective quality measures depend only on the structure of the data from which the rules are extracted. This evaluation technique is based on the following principle: after choosing the measure and the threshold by the expert, only the rules that exceed the threshold are considered.
For subjective measures, the same authors mention that they include two subcategories. The first subcategory consists on providing to the expert a tool for rules interactive exploration. The second includes the use of visualization systems to facilitate the task of rules mining. These systems allow improving the understanding and reduce the time taking by the expert to assimilate the rules [5] . However, these methods require that the expert understands the statistical tools to interpret the results of the visualization [2, 16, 10] .
To overcome the last problem, we propose in this paper a method to give a semantically rich synthetic representation of the generated association rules. We show that through visualization rules as a Formal Conceptual Graph which is semantically rich, the expert can validate them while browsing it. This paper is organized as follows: The section 2 is a state of the art of association rules validity measures. In section 3, we present our contribution in three steps: (i) association rules generation (ii) the definition of a tool for association rules visualization using a Formal Conceptual Graph which represents their synthetic representation in the objective to assist the expert during their validation (iii) Illustration of the use of our system step by step using an example. Finally, we conclude and give some perspectives of our work.
RELATED WORKS
In this section, we present the two types of validity measures: objective measures and subjective ones [22, 36, 5, 26] .
Objective quality Measures
Several studies proposed a synthesis of association rules objective measures. To our knowledge, the most referenced one is that of [22] . It has a rating of 20 measurements in 8 criteria. According to [22] , the right choice of quality measure based on the nature of the initial data implies a set of extracted rules which are generally satisfactory. In addition, [25] presented 63 objective measures including the 20 measures of [22] with a detailed study according to 12 criteria. We note that [25] have added four criteria related to some kind of sensitivities which are presented as follow:
• Sensitivity to the antecedent that the level of interest' rule depends on the size of the antecedent. Thus, the reduction of the measure increases with the increase of the number of instances associated to the antecedent.
• Sensitivity to the reference situation of equilibrium which means that the number of examples is equal to the number of counter-example. In this case, it is desirable that the measure has a constant value.
• Sensitivity to the reference situation of incompatibility which means that the number of instances associated with the antecedent and the consequent is simultaneously null. In this case, it is desirable that the measure has a constant value.
• Sensitivity to noise is motivated by the fact that in the real world, only few data are not noisy, it is interesting then to consider when choosing measurement.
Thus, we observe firstly that [25] have considered the measure is influenced by the nature of the antecedent and the consequent of a rule. While in [22] , we observe that only the consequent influence it. Secondly, the contribution from the consideration of the noise sensitivity is very important because many decisions on support application may be based on noisy data.
Furthermore, during the association rules extraction, these measures must be chosen by the expert while proposing a threshold in the objective of extracting only rules covering the area of his interest. However, three problems may arise. The first one is related to the lack of popularization of the formulas defining these measures. The second problem concerns the arbitrary fixing of the threshold which may not cover the desired area. The third problem is related to the high number of extracted rules. In this case, the expert can find difficulties in validating them, because he does not have a synthetic representation of the covering area of his interest.
To remedy these problems, subjective measures have been proposed, as a post-treatment [26] . In the following section, we present the different types of measures.
Subjective quality Measures
The post-processing of rules (rules mining) is composed of three stages, the first one is to evaluate and filter rules using objective measures [8, 11] . The second stage is to organize the results in an interactive way and the third stage is to present them in graphical form. The last stage is based in two steps which involve the expert. Furthermore, several tools have been introduced in order to facilitate the task of the expert to extract relevant association rules. We find mainly, the introduction of inductive databases and the associated query languages [17, 27, 20, 6] , interactive explorations systems [23, 24, 12] and visualization tools [38, 18, 40, 4, 2, 10] . In the following sections, we present in details these different tools.
Database and induction query language
In 1996, the concept of inductive database was introduced that includes data and the knowledge extracted from these data. To treat this, a query language was proposed: DMQL [17] , MINE RULE [27] , MSQL [20] and Xmine [6] . Although, the expert does not care about the nature of the information (data or knowledge) when he polls the database, several problems can be encountered. The first one is the need to optimize queries. The second one is the inability of the query language to analyze the data [5] .
Interactive explorations Systems
In the literature, several interactive explorations systems have been introduced. In 1994, [21] proposed to represent information in textual form. In 1996, this proposal was implemented in software called TASA to analyze problems in the telecommunications network. This system allows the expert to extract only the interesting rules, specifying the thresholds of some objective measures or using some syntactic constraints that determine the items to be used or not in the rules.
In 2000, [24] introduced an explorer treating a subset of representative rules as a generic-abstract to represent the result of the method of [23] . After selecting a rule, the expert accesses specific rules corresponding to the selected one.
In 2002, [35] presented a generic tool for data analysing on gene of microarrays. This tool can do many operations such as filtering, and guiding navigation of the entire association rules that express relationships between genes in post-processing.
In 2004, [12] proposed an explorer of rules called IRSetNav which has many features. It allows the expert to filter and sort the rules by syntactic constraints or by selected measures and saves the selected rules in the exploration.
We observe that exploration systems have two major limitations. The first limitation is related to the rules displayed in textual form. This makes difficulty of interpretation by the expert especially when the number of rules is high. This number may prevent the expert to choose a few relevant rules. The second constraint is the limited number of objective measures implemented in these systems. In fact, it is useful to choose the measure with respect to input data, since each one has specific characteristics and the right choice leads to good results [22] . To facilitate the expert mission to make the right choices, the researchers found that visualization systems can be one of the most suitable solutions.
Visualization Systems
According to [4] , the visualization was originally used in the fields of cartography and statistical graphics. Currently, it has become a discipline used in cognitive psychology, in human-machine interfaces and imaging.
The same authors add that visualization can improve cognition through perceptual capabilities of the human visual system. It provides easy detection of similarities, structures and singularities. It improves, also, the level of memorization and reflection of the expert, which facilitates the generation of synthesis.
Moreover, since 1996, a new technique called "Visual Data Mining" has been introduced by [34] to represent easily exploitable and useful knowledge to experts. This technique includes a set of tools that allow experts to intervene during the two phases of pre-treatment and post-treatment. In pre-treatment, this technique allows the expert to better encircle the application domain by guiding the phase of data mining through the choice of data to be analyzed.
In post-processing through result visualizing, the expert can interact with the system to guide knowledge presentation phase according to their expectations. This enables him to interpret and easily deduce the level of relevance of the extracted knowledge.
In 1997, [37] proposed the first method of visualization of association rules. It consists on presenting the rules in the form of a matrix item-item. These rules can be displayed in several filters: by antecedent, by consequent or by metric (support -confidence). However, as mentioned in [2] , this method has the handicap of requiring the expert to make repetitive logical inferences. In addition, it is not possible to visualize the rules according to several criteria simultaneously.
In [38] , authors presented association rules visualization system generated from large databases of texts. This system gives matrices formed from extracted rules and associated item, called matrices item-rule. To represent the supports and the confidence of rules, two lines are added to the height of the matrix and the values of these indications are shown as 3D-bars.
In [19] they focused on the visualization of a subset of association rules generated from the original context. These rules include only items associated with a set of items initially chosen in order to have a better study. The system they developed allow the representation of rules in mosaic way. Each one is represented by a rectangle that its area is the support and its confidence is the height.
Similarly, [40] proposed a visualization tool called MIRAGE. It allows visualizing a noninformative generic base from a lattice of frequent closed Item sets which are labeled by the minimal generators. The non-informative aspect is confirmed by [14] , since the values of support and confidence in derived rules cannot be determined with precision. This tool provides to the experts some features. The first is to choose a root node from which it is possible to display or hide its sons. The second is to choose the minimum rules to display. The expert has the possibility to extract the exact or approximate rules by selecting a node in the lattice. These features can be achieved in two ways. The "Normal" mode consists on generating the rule chosen by the expert without any backup. The Mode "Cache" consists on saving the lattice as well as all rules validated by the expert to give him the opportunity to recover them a posteriori.
In 2003, [39] presented a method to visualize rules based on parallel coordinates tool; it is a graphical display of data in an N-dimensional to a two-dimensional space. The proposed method to organize the items into N groups where each group is represented on an axis. The N-axes are parallel (N equal to the maximum order of association rules). Thus, a rule is in the form of a polyline joining the items on the antecedent followed by another polyline connecting the items in the consequent. However, this visualization method is unreadable and cannot be interpreted as the number of rules becomes important.
In [4] , authors proposed a visualization system called ARVis (Association Rule Visualization). It consists on extracting and displaying the rules in the form of a 3D landscape based on expert's quality measures. The expert has the possibility to guide the visual system by choosing to display specific or general rules of a given rule. These authors add that this guidance is provided by the development of a methodology called Rule Focusing. It is based on principles of information visualization proposed in [3] for the development of quality indicators and cognitive principles of data processing. It is made in the context of the decision models [28] .
In [2] authors are presented a new visualization system of generic bases, called GenVis. It uses meta-knowledge expressed as fuzzy rule bases to exploit a generic evolutionary way. It uses 2D histograms to representation association rules if they are extracted from a dense contexts and 3D one in the case of scattered contexts. It allows also displaying requested derivable rules and semantic links between them in order to improve the interaction between the system and the expert.
Recently, in 2011, authors of [16] introduced an interactive method called "matrix-based grouped visualization" which consists on visualizing groups of rules in the form of a matrix and providing the ability to representation the contents of each group. The rules are grouped based on the items of their antecedent. Each group is represented by a circle in a plane. The first dimension is formed by antecedent' frequent items, whereas the consequent Itemsets forms the second dimension. In this work, the authors considered that the clustering is a solution to the high number of rules. However, the clustering causes a heaviness treatment to their creation. In addition, the need for expert intervention to determine the size of these groups is subjective, since sizing differs from one expert to another in the same domain. Then, the problem of redundant rules is not treated by this method.
Finally, in 2012, authors of [10] presented a method for pre-processing using the dual scaling which is a technique for analyzing discrete multivariate data [30] . This method helps the expert to identify the elements (attribute / item) that can be removed from the database. This will reduce database size without affecting the quality of association rules extracted by the A-priori algorithm. Extracted rules are displayed in 2D form groups using the k-means algorithm. However, k is defined in an empirical way and as they mention in their work, the processing time increases as a function of the number of iterations required for the generation of groups. In addition, the redundancy of rules has not been processed in this method.
After reviewing the literature related to visualization system, we can deduce that the purpose of visualization systems is to facilitate the task of the experts during the mining rules by offering them the opportunity to guide their discovery. However, it is very difficult to assimilate all of them especially if the number of associated attributes is important. In addition, most of these methods require that the expert must understand the statistical tools to interpret the results of the visualization.
Furthermore, few systems offer to the experts minimum rules (generic) [40, 2] and give them the opportunity to see a derivable rules for selected generic rules. To our knowledge, the integration of semantics by exploiting the wealth of items and links between association rules still very important. Thus, we achieve this section by the presentation (see table 1 ) of a classification summary including visualization systems presented according to three criteria: "Display type of rules," "level of interaction" (with the expert) and "Bases":
• "Type display rules": matrix, graph 2D or 3D, Galois lattices, etc.
• "Level of interaction" denoted NI: defines the level of interaction with the expert, high or low.
• "Bases": includes two subcategories. The first one is entitled "G" and Indicates whether the system displays the generic bases. While the second one is "Infor" Which indicates if visualized generic bases are informative or not. Info [37] Matrix item-to-item L No - [38] Matrix item-to-rule L No - [19] Representation on mosaic rules L No -MIRAGE [40] Galois lattice L Yes No [39] 2D with parallel coordinates L No -ARVis [4] 3D landscape L No -GenVis [2] Histogram 2D ; Histogram3D H Yes Yes [16] 2D Scatter H No - [10] 2D Scatter H No -
MOTIVATION AND CONTRIBUTION
In this section, we present our visualization method to help the expert evaluating the association rules. We will show that the visualized rules are generic satisfying the thresholds fixed by the expert. They are represented as a rich semantically graph which is based on Formal Concept Analysis approach (FCA) [14] . The FCA has been used in several areas such as: natural language processing [7, 9] , object-oriented databases, information retrieval, data mining, web service, etc. Indeed, in the field of language processing, the extraction of semantic relations by the FCA in linguistic applications is presented according to [29] in [31, 32] . Furthermore, the formalization of the Worldnet ontology is done by FCA in [33] . The Galois lattice structure was also used to represent the class hierarchy or inheritance graph generation in object-oriented approach [15, 13] . The inheritance graph hierarchy is represented by a sub-graph of a Galois lattice called Formal Conceptual Graph which covers all formal concepts of the lattice.
In order to be clearer, we recall some basic notions of this approach such as: formal context, Galois connexion, Formal concept, Partial order relation, Formal Conceptual Graph (FCG).
• Formal context: a triplet k = (O, I, R), O set of objects, I set of items (attributes), R ⊆ O x I binary relation between objects and items. If (o, i) ∈ R it means that an object o is related to an item i. The concepts in FCA of a given formal context are ordered by sub-concept and superconcept relation.
• Galois lattice: The ordered set of formal concepts extracted from a formal context is Galois Lattice. Its representation is done by a Hass Diagram.
• Formal Conceptual Graph (FCG) [13] : is a subset of formal concepts of a Galois lattice which covers the formal context from which it is extracted.
Formal Conceptual Graph (FCG) allows us the reduction of Galois lattice nodes preserving its properties. Thus, we exploit this structure to extract association rule semantic by visualizing easily a synthetic representation of these rules according to the expert interest. We will show in the following section how our method is interactive since it offers to the expert (i) the possibility of displaying derivable rules from the generic one, (ii) the possibility of validating or pruning extracted rules and (iii) the possibility to save the activities made by the expert.
The principle of our method consists on two steps: the first one is to extract generic rules entitled GenCondClose. The second one is to give a synthetic representation of the items related to the association rules which will be visualized.
In the following, we detail these two steps.
Step of generating rules: GenCondClose
This step consists on applying the algorithm of CondClose [1] to a binary context in order to build a Formal Conceptual Graph (FCG) with each formal concept is labeled by its generators. The generated FCG is used to extract the generic exact and approximate association rules. The general architecture of this step is shown in (Figure 1 ). After obtaining generic bases of association rules, the expert can validate them. To achieve this task, we propose to the expert a tool called SVEA_ARV for visualizing a synthetic representation of the minimum rules.
System of Visualization and Expert Assistance for Association rules Validation (SVEA_ARV)
The second step of our method is the design and the development of a SVEA_ARV tool. The general architecture of this tool is shown in (Figure 2 ). In the following, we explain these five steps mentioned in Figure 2 :
• Step 1: In the beginning, the expert specifies the initial context, the minimum value of the support, the choice of measures validation (confidence, lift, conviction, etc.) and the associated threshold. If the expert has already selected these values in a previous session, the system retrieves the associated FCG, the generated rules and those that were validated by the expert. Otherwise, the system generates the FCG and labels each formal concept with the minimal generators of corresponding closed frequent Itemsets.
• Step 2: The system displays a list of closed Itemsets associated to the chosen context.
• Step 3: Having the list of frequent closed Itemsets, the expert can choose an Itemset to display by generalization or specialization its direct fathers and children's as a FCG. The nodes of this graph are a frequent closed itemset. It shows a synthetic representation of Itemsets that are connected by semantic links expressing specialization/ generalization between formal concepts. In addition, each semantic link is labeled by the number of approximate rules based on the threshold chosen by the expert. Thus, the expert has the possibility to navigate into this graph.
• Step 4: Following the selection of a frequent closed Itemset in step 2, the set of the generic exact rules associated are displayed.
• Step 5: for approximate rules presentation, the expert selects the link between two chosen frequent closed itemset.
After visualizing association rules (approximates and exacts) by our system, He could validate them one by one. Furthermore, he has the possibility to display the list of generated rules by the system and those that were already validated by him.
THE USE OF OUR SYSTEM STEP BY STEP
To illustrate our method, we use a Car Evaluation Data Set 1 (see Table 2 ). The values of their attributes have a nominal type. To apply the first step of our method, we use a binarization method implemented in Weka 2 Software to obtain a formal context K = (O, I, R). O is the set of instances (or objects), I is the set of attributes and R is a binary relation between O and I. Using our system SVEA_ARV, the expert chooses the formal context K, the support's threshold, the confidence as a measure of validation and the threshold associated which are in this example, respectively 0.1 and 0.2 (see Figure 3 ). After this step (Phase 1 shown in Figure 2 ), the system generates the corresponding FCG and extracts the association rules. The system displays a list of Frequent Closed Itemset (FCI). The expert could select one of them according into his interest. A synthetic representation represented by a FCG associated to this FCI is displayed as well as the exact association rules. In the graph, the selected FCI is represented by a red rectangle. Its intent is {lug_boot=big, class=unacc}. The children and the parent of the select FCI are presented with blue rectangles (see Figure 4) . The expert can validate them. Knowing that each edge of the graph is labeled by the number of approximate association rules and thanks to the richness of the graph, the system offers to the expert the possibility to consult the list of approximate association rules by clicking on an edge between two FCI in the graph (see Figure 5 ). He could also navigate in this graph for choosing any FCI which is a children or a parent of the current FCI. The graph associated to the chosen one is displayed. Figure 6 represent the graph and the exact rules associated to one of the current FCI children. The child has the intent {persons=2, lug_boot=big, class=unacc}. Furthermore, he could visualize the list of generated rules by the system and those that were validated by him. The system provides to the expert the precision of exact and approximate association rules in the objective to assist him during the phase of validation (see Figure 7 ). 
CONCLUSION AND PERSPECTIVES
In this paper we presented a state of the art related to quality measures and some visualization systems used in the rule mining task. We observe that the lack of a semantic representation of association rules for the expert during the step of validation stills crucial. In order to assist the expert during the validation of association rules task, we propose in this paper a new method for synthetic representation visualization based on the notion of Formal Conceptual Graph. This method allows to the expert to obtain a synthetic representation related to his area of interest thanks to the visualization of semantic links between nodes of FCG. Thus, he could validate the association rules extracted in an easy way. As a future work, some experimentations using a representative datasets will be done. We plane also to extend our method for semi-automatic evaluation of extracted association rules by submitting them as a classifier in some rule-based classification systems.
